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Abstract
Purpose Variability in consumer behaviour can significantly influence the environmental performance of products and their
associated impacts and this is typically not quantified in life cycle assessments. The goal of this paper is to demonstrate how
consumer behaviour data can be used to understand and quantify the variability in the greenhouse gas emissions from domestic
laundry washing across Europe.
Methods Data from a pan-European consumer survey of product usage and washing habits was combinedwith internal company
data on product format greenhouse gas (GHG) footprints and in-home measurement of energy consumption of laundry washing
as well as literature data to determine the GHG footprint of laundry washing. The variability associated with four laundry
detergent product formats and four wash temperature settings in washing machines were quantified on a per wash cycle basis
across 23 European countries. The variability in GHG emissions associated with country electricity grid mixes was also taken
into account. Monte Carlo methods were used to convert the variability in the input parameters into variability of the life cycle
GHG emissions. Rank correlation analysis was used to quantify the importance of the different sources of variability.
Results and discussion Both inter-country differences in background electricity mix as well as intra-country variation in con-
sumer behaviour are important for determining the variability in life cycle GHG emissions of laundry detergents. The average
GHG emissions related to the laundry washing process in the 23 European countries in 2014 was estimated to be 5 × 102 g CO2
−eq/wash cycle, but varied by a factor of 6.5 between countries. Intra-country variability is between a factor of 3.5 and 5.0 (90%
interval). For countries with a mainly fossil-based electricity system, the dominant source of variability in GHG emissions results
from consumer choices in the use of washing machines. For countries with a relatively low-carbon electricity mix, variability in
life cycle GHG emissions is mainly determined by laundry product-related parameters.
Conclusions The combination of rich data sources enabled the quantification of the variability in the life cycle GHG emissions of
laundry washing which is driven by a variety of consumer choices, manufacturer choices and infrastructural differences of
countries. The improved understanding of the variability needs to be balanced against the cost and challenges of assessing of
consumer habits.
Keywords Consumer behaviour . Carbon footprinting .
Greenhouse gas emissions . Laundry products . Life cycle
assessment . Variability
1 Introduction
Consumer choice and behaviour can be highly variable and a
major contributor to the environmental impact of typical
household activities such as washing, cleaning, cooking and
entertainment (Throne-Holst et al. 2007). Interactions be-
tween consumers and products may have a large effect on
the overall results of life cycle assessment (LCA) studies.
However, the variability in consumer behaviour is often not
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included in LCAs because these are generally aimed at quan-
tifying the average impact of a process or a product rather than
the full extent of possible outcomes like in environmental risk
assessment methods. This has been identified as a key gap in
LCA (Polizzi di Sorrentino et al. 2016; Hellweg and Milà i
canals 2014). According to a study on 38 countries, clothes
washing (excluding tumble drying and ironing) is among the
major energy-demanding household activities, accounting for
up to 17% (in Turkey) of the total domestic energy consump-
tion (Pakula and Stamminger 2010).
A summary of the key variables that influence the green-
house gas footprint of laundry washing, categorised as con-
sumer-related, laundry detergent manufacturer-related and en-
ergy grid-related is shown in Fig. 1.
Consumer behaviour can influence the greenhouse gas
(GHG) emissions associated with clothes washing in sev-
eral ways. The contribution of consumer behaviour to var-
iability in the GHG emissions can be classified in two
categories namely (1) product-related parameters, includ-
ing choice of detergent format (e.g., powder, liquid) and
dose and (2) machine-related parameters, such as choice of
wash program and temperature, load size and energy
efficiency of washing machines. When a consumer
chooses a laundry detergent product, the environmental
impacts of this product are determined by the choices that
were made by the manufacturer in terms of product design,
manufacturing, sourcing and supply chain. For example,
Saouter et al. (1998) argued that although more energy is
consumed in the supply phase of liquid laundry detergents,
the energy consumption during their use phase is lower in
comparison to powder detergents. Furthermore, Nielsen
et al. (2013) concluded that compaction can lead to less
emissions from both powder and liquid laundry detergents
in each wash cycle.
Regardless of the format and amount of detergent used,
energy use in washing machines ranges from 0.1 kWh/
cycle (Pakula and Stamminger 2010) to 2.3 kWh/cycle
(Tomlinson and Rizy 1998). In particular, energy con-
sumption of washing machines in different countries has
been reported in a number of studies such as AISE
(2013), Koerner et al. (2011), Laitala et al. (2011), Lin
and Iyer (2007), Market Transformation Programme
(2010), Masanet (2010), Novem (2001), Pakula and
Stamminger (2015), Presutto et al. (2007), Yao and
Steemers (2005) and Zaraket (2014). Inter-country vari-
ability arises from the differences in the GHG footprint
of the electricity grid mixes and systematic differences in
consumer behaviour in different countries. Depending on
the source of energy used to generate electricity for
households, either the consumer use phase or the ingredi-
ents supply phase may have the highest share of GHG
emissions during the life cycle of products (Dewaele
et al. 2006; Medyna et al. 2015). This means both the
product-related as well as the machine-related choices
can be the dominant influencers of the variation in GHG
emissions related to clothes washing. Although the LCA
studies on laundry detergents and clothes washing provide
insights into individual sources of variability, they do not
provide a systematic comparison of the influence of the
different sources of variability on the GHG emissions.
The main objective of this paper is to demonstrate how
a combination of consumer behaviour data (e.g., survey
data and technical observations) can be used to quantify
the variability of the GHG impacts of a typical household
activity, namely the laundry of clothes and other items.
We quantified the influence of consumer behaviour on the
variability in GHG emissions from clothes washing
across European countries. Consumer survey data from
a pan-European study were used (AISE 2014), combined
with in-home washing machine energy studies using data
loggers (715 observation/100 households) and GHG data
on laundry detergent products. We focused on GHG
emissions which is one of the key impacts of laundry
activity (Golsteijn et al. 2015; Koehler and Wildbolz
2009; de Koning et al. 2010; AISE 2015). A Monte
Carlo simulation (Rubinstein and Kroese 2016) was used
to quantify the variability in GHG footprints of laundry
washing due to variability in (i) detergent format, (ii)
detergent dosage (actual), (iii) GHG emissions related to
detergent production, (iv) wash temperature, (v) machine
energy use within a range of temperature settings and (vi)
country electricity grid mixes. In addition, we investigat-
ed the GHG emissions’ variability in a scenario in which
the required electricity for washing machines was pro-
duced from solar PV.
Fig. 1 Variables influencing the life cycle GHG emissions of laundry
washing
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2 Methods
2.1 Data sources
Table 1 summarises the sample size and type of data used to
assess variability in the GHG footprint of a laundry wash in
2014 across 23 European countries including its temporal,
geographical and product representativeness. Tables S1 and
S2 and Fig. S1 of the Electronic Supplementary Material
(ESM) provide more detailed information on the data.
In 2014, the International Association for Soaps,
Detergents and Maintenance Products (AISE) commissioned
a Pan-European consumption survey on sustainability and
washing habits. The survey gathered information on washing
habits and their evolution in the domains of laundry and
dishwashing practices using an online questionnaire. Four
thousand seven hundred forty-one men, and women aged
18–65, responsible for purchase and using a laundry machine
were recruited via panels in 23 European countries. The rela-
tive frequency of use of the four main laundry detergent for-
mats, i.e. powder, liquids, tablets and capsules was estimated
from the type of laundry detergent used by respondents for
normal washing over a 3-month period. The AISE study also
reports the probability of use of the temperature settings
‘30 °C or lower’, ‘40 °C’, ‘50 °C’, and ‘60 °C or higher’ per
country which we used in our study.
The GHG emissions of laundry detergents vary by formu-
lation, pack size, transportation and producer. An in-house
dataset of GHG emissions for laundry detergents
manufactured by Unilever in 2014 was used to estimate the
variability in the GHG emissions (g CO2−eq/g detergent) of
the four detergent formats in Europe. Unilever is one of the
major laundry detergent manufacturers in Europe with sales of
powders, liquids and capsules with varying market share de-
pending upon consumer preferences.
The consumer habit in actual dosing of powder, liquid and
tablet laundry detergents was based on a comprehensive study
performed in Germany (Kruschwitz et al. 2014). In the ab-
sence of comparable data for all countries, we assumed that
the variability in product dosing measured in Germany was
representative for all countries. For the dosing of capsule laun-
dry detergents, no empirical studies on consumer habits were
available so we assumed that consumers use the recommend-
ed dosage of one capsule per wash cycle.
The variability in the energy consumption of washing ma-
chines for the specified temperature ranges was quantified
using data from a field investigation exploring laundry habits
over 100 UK households (Unilever, internal data, 2014). The
study involved simultaneous collection of technical wash data
using an advanced logger technology to record real wash in-
formation (i.e. duration, energy use and temperature setting)
of 715 wash cycles. We developed probability distributions of
energy consumptions associated with the following Ta
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temperatures ranges 30 or lower, 40, 50 and 60 °C or higher
that were reported in the AISE habits survey. The variability
observed for each temperature range is driven by the duration
of the wash, load size and the energy efficiency of the washing
machine. Wash cycles with a duration over 200 min or shorter
than 20 min (12% of the total number of washes) were con-
sidered as outliers and were excluded. In the absence of com-
parable data for all countries, the variability in energy use
measured in the UK study was considered representative for
the other countries included. For the country-specific GHG
emissions per kilowatt hour electricity produced, we used
the ecoinvent database (version 3.2, Weidema et al. 2013) that
provides the relevant data for the year 2012.
To obtain weighted average GHG footprints for Europe, we
used the population statistics reported by the World Bank
(2014) (see Table S1 of the ESM).
2.2 Laundry wash model
To assess the variability in the GHG footprint of laundry
washing in the 23 European countries, we applied the func-
tional unit of one wash cycle. Figure 2 gives an overview of
the variables that were assessed in this study. GHG emissions
associated with retail (e.g. consumer shopping trip); product
disposal; infrastructure (e.g. construction of factories, water
and energy supplies); and the manufacture of appliances were
excluded and typically considered to be relatively small com-
pared to the other life cycle phases (Dewaele et al. 2006;
Henkel AG and Co. KGAA 2009; Medyna et al. 2015; Van
Hoof et al. 2003b).
The total life cycle GHG emissions per wash cycle for the
23 European countries was estimated via Eq. (1):
CFTotali;T;C ¼ FUPi  Di;C þ EFC  ECT ;C ð1Þ
where CFTotali, T, C is the amount of greenhouse gas emis-
sions associated with one wash using detergent i at tempera-
ture T in country C in g CO2−eq per wash cycle; FUPi is the
GHG emission factor related to sourcing, manufacturing,
packaging and transportation of product i in g CO2−eq per
gram detergent; Di,C is the dosage of product i in country C
in grams detergent per wash cycle, EFC is the GHG emission
factor of the electricity consumed in country C in g CO2−eq/
kWh and ECT,C (in kWh) the electricity consumption when
temperature is set to T in country C. To calculate an average
GHG footprint for the 23 European countries, weweighted the
average GHG emissions associated with clothes washing per
country by their respective population size.
2.3 Model simulation
To quantify the variability of the GHG emissions from laundry
washing, a Monte Carlo simulation with 100,000 runs was
performed in Oracle Crystal Ball (11.1.2.4.600). To include
the role of intra-country variability of temperature setting and
of the detergent format relative frequency, a non-parametric
bootstrapping procedure (Efron and Tibshirani 1986) was
Fig. 2 Scope of the study: boxes
with thin borders show the input
variables and boxes with thick
borders show the variables
calculated in this study
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applied to develop a distribution for each country. First, we
developed 23 discrete custom distributions (one for each
country) each having four probability values equal to the rel-
ative frequency of the four detergent formats in the country
considered. We also developed 23 discrete custom distribu-
tions (one for each country) each having four probability
values equal to the share of the four temperature categories.
Then, for each country and at each iteration, individual values
were randomly selected for each parameter in its probability
distribution and CFTotal was obtained using Eq. (1) (see more
detail on the algorithm in section 2 of the ESM).
To quantify the relative influence of the various input pa-
rameters on the GHG footprint per wash cycle, we calculated
Spearman rank correlation coefficients. Thenmwe divided the
squared rank correlation coefficient per input parameter by the
sum of all squared rank correlation coefficients of the input
parameters to calculate the relative contribution to the total
variance of each input parameter.
2.4 GHG reduction potential
To assess the influence of consumer behaviour change and to
estimate the reduction potential in the GHG footprint of laun-
dry washing, we assessed a shift of all consumer washes to
30 °C or lower or the substitution of the 2014 energy mix and
consumption with renewable energy from solar photovoltaic
(PV) electricity. We used the GHG emission factors related to
the use of solar PV systems in each country (EFPV,C) instead
of EFC and used the ecoinvent 3.2 database to obtain the
emission factors related to the use of solar panels. The dataset
represents the production of grid-connected low voltage elec-
tricity with a 3 kW peak building-integrated PV module (con-
sidering multi-Si panels installed on slanted roofs).
3 Results
3.1 Variability in the GHG emissions of different
laundry detergent formats
Figure 3 presents the distributions of GHG emissions related
to the four different product categories without considering
the energy use of the washing machine. It shows that tablet
detergents have the highest median GHG emissions per wash
cycle (1.7 × 102 g CO2−eq/wash cycle), while the three other
product categories have lower median GHG emissions (8.4 ×
101 − 1.1 × 102 g CO2−eq/wash cycle). The relatively high
GHG emissions for the tablets is due to the fact that even
though the quantity of tablet detergents (in gram) used per
wash cycle is lower than that of powder and liquid detergents,
the production of tablet ingredients is relatively carbon inten-
sive. It can also be seen from Fig. 3 that the variability in GHG
emissions related to liquid and powder detergent use is higher
compared to the use of tablet and capsule detergents. That is
because higher variability exists in both GHG emissions per
gram detergent and dosage of powder and liquid detergents
than those of tablet and capsule detergents.
3.2 Variability in the GHG emissions associated
with energy use in washing phase
Variability in the GHG emissions due to the consumer vari-
ability in temperature selection is shown in Fig. 4. The vari-
ability is determined by the energy use of washing machines
within a certain temperature category as well as the GHG
emission factor of electricity production in different countries.
The distributions represent the population-weighted average
emissions per temperature category in Europe. The median
GHG emission systematically increases from 1.5 to 5.1 ×
Fig. 3 Variability of the GHG emissions from the use of detergents
(excluding washing machine energy use) between and within the four
product categories (5th, 25th, 50th, 75th and 95th percentiles)
Fig. 4 Variability of the GHG emissions from washing machine use for
different temperature settings. The distributions refer to a population-
weighted average over all 23 European countries (5th, 25th, 50th, 75th
and 95th pdisercentiles)
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102 g CO2−eq/wash cycle with increasing temperature settings
from 30 °C or lower to 60 °C or higher. The variability within
a temperature category is a factor of 8–9 (represented as the
ratio of the 95th and the 5th percentile of the variability range),
with the exception of the temperature category of 30 °C or
lower which has a variability factor of 23. The larger range is
due to the fact that cold water washes (i.e., without any water
heating by the machine) are also included in this category.
3.3 Variability in the total life cycle GHG emissions
Figure 5 presents the variability in the total life cycle GHG
footprint of clothes washing in the 23 countries. To estimate
the relative variability within countries we divided the 95th
percentile by the 5th percentile of each spread and to estimate
between-country variability, we divided the highest median
value by the lowest median value.
The median life cycle GHG emissions vary by a factor of
6.5 between the different European countries. Norway has the
lowest emissions with 1.2 × 102 g CO2−eq/wash cycle and
Poland has the highest emissions with 7.9 × 102 g CO2−eq/
wash cycle. The population-weighted average life cycle
GHG emissions in Europe are equal to 5.1 × 102 g CO2−eq/
wash cycle. The intra-country variability due to consumer
differences in detergent and energy use varies between 3.5
and 5.0, depending on the country considered.
Figure 6 shows the relative share of the machine-related
parameters (use phase) from the total GHG emissions in each
country. The typical relative contribution of the use phase to
the GHG footprint of clothes washing in Europe ranges from
27 to 88% depending on the country considered. In addition,
the relative contribution of the use phase ranges intra-
countries from a factor of 1.4 in Poland to a factor of 5.8 in
Norway. Table S3 of the ESM provides an overview of the life
cycle greenhouse gas emissions of clothes washing and the
relative share of use phase reported in the literature.
3.4 Importance analysis
Table 2 presents the sensitivity of the variability in life cycle
GHG emissions to the variability in the different input param-
eters of the model. For the majority of European countries, the
life cycle GHG emissions are most sensitive to the variability
in temperature setting (TST,C) and to the variability in energy
consumption of washing machines within a specific tempera-
ture setting (ECT,C). The latter is mainly influenced by dura-
tion of wash, load size, and the efficiency of washing ma-
chines. These are the countries with relativity high GHG emis-
sions for producing electricity. For the countries with relative-
ly low-carbon electricity generation mixes (Norway, Sweden
and France), GHG emissions are most sensitive to the
product-related parameters (53–87%). The variation on
machine-related parameters contributes 13–98% to the varia-
tion in life cycle GHG emissions depending on the country
considered.
3.5 GHG reduction potential
In the case all washes were done using the temperature cate-
gory of 30 °C or lower, inter-country variability would be a
factor of 4.5 and the population-weighted average life cycle
GHG emissions in Europe would be 330 g CO2−eq/wash cy-
cle. Given that the average GHG reduction potential of this
scenario would be 177 g CO2−eq/wash cycle that implies a
35% reduction in the life cycle GHG footprint of clothes
washing.
In the case electricity for washing machines was generated
by PV panels, inter-country variability would be as low as 1.3
Fig. 5 Life cycle GHG emissions
related to one laundry wash in
different European countries
(CFTotali, T, C) (5th, 25th, 50th,
75th and 95th percentiles)
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Fig. 6 Share of the GHG
emissions related to the use phase
from the total life cycle GHG
emissions in different countries,
ordered from the country with the
highest median share (Poland) to
the country with the lowest
(Norway) (100%×EFC × ECT, C/
CFTotali, T, C)
Table 2 Contribution to variance of the different parameters for each country (in percentage). For each country, the darkness of the colour of each cell
shows the importance of the cell
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and the population-weighted average GHG emissions in
Europewould be 1.6 × 102 g CO2−eq/wash cycle. This implies
a threefold decrease in the life cycle GHG footprint of clothes
washing. In this scenario, the product-related parameters
would account for two thirds of the contribution to variance
and the washing machine-related parameters would influence
one third of the contribution.
4 Discussion
4.1 Variability and uncertainty
An understanding of variability and uncertainty is critical for
decision-making but often poorly addressed in many LCA
studies which tend to be deterministic (Ascough et al. 2008;
Polizzi di Sorrentino et al. 2016). In this study, we simulated
the variability in the GHG footprint of a typical household
activity (i.e. laundry washing) by integrating consumer habits
and survey data, using the Monte Carlo method. Various ap-
proaches and statistical treatments have been applied to esti-
mate variability and uncertainty in LCA, such as the use of
regression models in assessing life cycle inventories
(Steinmann et al. 2014a) and the application of Monte Carlo
methods (Steinmann et al. 2014b). Empirical studies of vari-
ability and probabilistic approaches are more commonly ap-
plied in related areas such as human and environmental risk
assessment (Huizer et al. 2012). Taking consumer behaviour
into account is challenging as its characterisation and mea-
surement on significant samples of the population is complex
and costly. In this study, we benefited from having access to
large datasets collected by the detergent industry.
Different data collection methods such as using question-
naires, interviews, diaries, cameras and data loggers exist and
each method has its own pros and cons. With regard to the
choice of detergent format and temperature, we based our
analysis on relatively large samples collected with question-
naires. However, behavioural data based on self-report has
some limitations. Consumers often do not have sufficient in-
sight into the drivers of habitual behaviours and will struggle
to precisely remember and report on their habits (Verplanken
et al. 2005). Also, social desirability may influence reporting
as socially desirable behaviours tend to be over-reported in
self-reports (e.g. Chung and Leung 2007). For the energy
consumption, we used sensor-based data loggers that measure
the actual behaviour. Such studies are more costly to imple-
ment than questionnaires and diaries but provide more reliable
behavioural data. This is the reason why we were only able to
include information on energy use per temperature setting for
a relatively small group of 100 households in the UK only.
This may limit representativeness for countries that have sig-
nificantly different washing behaviours and energy consump-
tions beyond differences in machine temperature settings, i.e.
in wash duration, load size and machine efficiency. The data
also does not cover the variance in the ambient water temper-
ature in the different countries and at different times in the
year. This may lead to underestimation of variability of the
GHG footprint per wash cycle within the temperature catego-
ries. Having said that, to the best of our knowledge, it is the
only available measured data on consumers’ real laundry
washing behaviour. We compared the reported average energy
consumption per temperature setting in our study with the
average energy consumption in washing machines used in
European countries reported by Stamminger and Schmitz
(2016). In their study, the energy consumption of 50 specific
models of washing machines bought from the European mar-
ket between the years 2012 and 2014 was measured at 40 and
60 °C. The average consumption reported in that study is
consistent with the average of the figures reported in
Unilever’s dataset for the same programmes (both equal to
0.78 kWh per wash cycle).
Another uncertainty is the fact that the data we used for the
GHG emissions per unit of detergent was representative of the
Unilever product portfolio only. However, we compared the
average used in this study with the one reported by Lasic et al.
(2015) and found them consistent (both 1.7 g CO2−eq/g deter-
gent). Other sources of uncertainty and variability related to
the detergent dataset were not considered in this study, such as
the manufacturing processes, sourcing of raw materials, and
sources of energy used for manufacturing.
With regard to the dosing behaviour, we assumed con-
sumers use only one capsule per wash and we used the
capsule mass data as provided by Unilever. If more than one
capsule were used, the associated GHG emissions from
capsule detergents would increase accordingly. For detergent
formats other than capsules, distributions of dosing amounts
per wash cycle and per detergent format were available from a
large consumer study in Germany. It is unknown whether this
data is representative for the rest of Europe. We also did not
differentiate between the use of concentrated and regular
forms of liquid detergents. Based on the recommended
dosages for these formats one could argue that liquid
detergents should be split into different use categories.
Chapotot et al. (2011) found, however, that there is no statis-
tically significant difference between the real dosage of
concentrated and regular liquid detergents. Furthermore,
AISE (2014) reported that up to 40% of the consumers do
not adjust their dosage behaviour according to the form of
liquid detergent. Therefore, modelling the liquid detergents
as one group, with a range of impacts (in g CO2−eq/g deter-
gent) that covers both non-concentrated as well as concentrat-
ed forms of liquid detergents is considered justified. We did
not include the possible impacts of additional products such as
bleaches, fabric softeners and water softeners in this study.
We did not consider possible correlations between the input
variables. According to the ‘Sinner Circle’ (Sinner 1960;
Int J Life Cycle Assess (2018) 23:1940–1949 1947
Stamminger 2010), laundering performance is the result of
chemistry, temperature, mechanical action from the washing
machine, time and water. This means that in theory, higher
average wash temperatures may have lower the dosage to
reach the same performance.
Finally, to obtain the GHG emission factor of the electricity
consumed in different countries (EFc), we considered electric-
ity on the low voltage level of the different markets. However,
different approaches of GHG calculation for electricity mixes
will lead to different GHG emission factors. As an example,
correcting the Norwegian electricity consumption for the
European trade of guarantees of origin will results in a GHG
emission factor of 500 g CO2−eq per kWh for Norway (RE-
DISS 2015).
4.2 GHG footprint improvement potential
Using the estimation of 34.3 billion wash loads per year in
Europe byAISE (2014), we estimated a potential GHG saving
of 5.9 million tonnes CO2−eq per year from switching all
washes to 30 °C or lower. Considering 6.7 t of CO2 emissions
per capita in Europe (World Bank 2013), the saving potential
equates to the total GHG emissions produced by more than
880,000 European inhabitants.
The results of the PV scenario analysis suggest that con-
sumers can largely influence the life cycle GHG emissions of
laundry detergents not only by lowering the temperature set-
tings of the washing machine, but also by using low-carbon
technologies for electricity production. Considering the num-
ber of annual wash loads in Europe, the corresponding GHG
saving potential of switching to low-carbon intensive re-
sources (in this study, we only considered PV panels) is 11.8
million tonnes CO2−eq per year. This equals to the total GHG
emissions produced by 1,760,000 European inhabitants.
5 Conclusions
The results demonstrated that in countries with carbon-
intensive electricity sources, the variability in life cycle
GHG emissions is most sensitive to the variability in
machine-related parameters, such as the temperature setting.
However, in countries with low-carbon electricity sources,
GHG emissions are most sensitive to the product-related pa-
rameters, such as the type and amount of detergent applied.
Given the importance of the role of variability in consumer
behaviour in LCA studies, using a combination of different
data collection methods would help in producing data of
higher quality and representativeness. This would lead to a
more accurate quantification of the environmental impacts
associated with daily activities and enable more targeted mea-
sures for the reduction of the environmental footprint of con-
sumer goods. The use of a combination of rich data sources
enabled us to quantify the variability in the life cycle GHG
emissions of a household activity which is caused by variety
of consumer choices, manufacturer choices and infrastructural
differences of countries.
While the presented results are limited to GHG emissions,
a similar approach can be used for the quantification of other
environmental impacts in particular to highlight tradeoffs that
may be associated with particular choices. Besides, the appli-
cation of this method to other household activities could be of
interest for future studies.
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